Threshold responses to an activity gradient allow a single signaling pathway to yield multiple outcomes. Extracellular signal-regulated kinase (ERK) is one such signal, which couples receptor tyrosine kinase signaling with multiple cellular responses in various developmental processes. Recent advances in the development of fluorescent biosensors for live imaging have enabled the signaling activities accompanying embryonic development to be monitored in real time. Here, we used an automated computational program to quantify the signals of a fluorescence resonance energy transfer (FRET) reporter for activated ERK, and we used this system to monitor the spatiotemporal dynamics of ERK during neuroectoderm patterning in Drosophila embryos.
| INTRODUCTION
The formation of an activity gradient of a signaling pathway is a fundamental mechanism for the specification of tissue polarity and multiple cell fates during embryogenesis. At the threshold level of signaling activity, cells assume different fates and form sharp borders of downstream gene expressions, thereby partitioning tissues into different territories. The molecules that provide such positional information are called morphogens, and their gradients are reflected in the activity of signaling pathways (Wolpert, 2016) . The identified morphogens in Drosophila include Bicoid, Decapentaplegic, Hedgehog and Wingless. Studies on these molecules have provided insights into the mechanisms of gradient formation and its interpretation in responder cells (Briscoe & Small, 2015) . One remaining question is how the graded morphogen distribution is interpreted by nuclear machineries to regulate the transcription of target genes with sharp expression boundaries. Bicoid, a transcription factor that forms a gradient in the syncytium, undergoes concentration-dependent, synergistic binding on multiple binding sites of target gene enhancers (Driever, Thoma, & Nüsslein-Volhard, 1989; Porcher & Dostatni, 2010) . Morphogens that induce secreted signaling molecules elicit threshold responses by more complex mechanisms involving the interplay of multiple target genes and nuclear effectors (Affolter & Basler, 2007) . Among | Genes to Cells OGURA et Al. them, mechanisms involving the modulation of intracellular signal transduction in different subcellular compartments are even less well understood. Here, we addressed this issue by studying the ERK MAP-kinase signaling pathway under the control of epidermal growth factor (EGF) receptor signaling. The gradient of this signaling pathway is critical for the patterning of neuroectodermal cell fates in the Drosophila embryo (Melen, Levy, Barkai, & Shilo, 2005) .
The activity level of the ERK signaling pathway has traditionally been visualized using an antibody for the phosphorylated form of ERK (Gabay, Seger, & Shilo, 1997a ,1997b . More recently, genetically encoded biosensors for ERK based on fluorescence resonance energy transfer (FRET) (Komatsu et al., 2011) , biosensors based on the nuclear-cytoplasmic translocation of kinase (Regot, Hughey, Bajar, Carrasco, & Covert, 2014) or transcription factor (Moreno, Valon, Levillayer, & Levayer, 2018) became available for the live monitoring of ERK activity. In particular, the ERK FRET biosensor is useful for targeting the localization of the biosensors to visualize the ERK activity in particular subcellular compartments, such as the cytoplasm or nucleus. Using this technology, the cytoplasmic and nuclear ERK activity can now be separately quantified. In this study, we developed an automated computational pipeline for extracting the subcellular signals of FRET imaging. Focusing on the early embryonic neuroectoderm of the Drosophila embryo, we found that the cytoplasmic and nuclear ERK activity gradients have distinct kinetics, which was not reported in previous analyses using fixed embryos (Lim et al., 2013 (Lim et al., ,2015 .
The Drosophila neuroectoderm is subdivided into three dorso-ventral (D-V) regions on each lateral side of the embryo, which are specified by the expression of msh (Isshiki, Takeichi, & Nose, 1997) , intermediate neuroblasts defective (ind) and ventral nervous system defective (vnd) (McDonald et al., 1998) , respectively. This differential gene expression is primarily regulated by the nuclear concentration gradient of the morphogen Dorsal. Dorsal also activates a gradient of ERK activation via EGFR signaling through transcriptional activation of the EGFR ligand Vein (Ve), and of a protease Rhomboid (Rho) (Ip, Park, Kosman, Bier, & Levine, 1992) , which in turn activates another EGF ligand Spitz (Spi). The known target of the EGFR signaling is ind (Skeath, 1998; Von Ohlen & Doe, 2000; Yagi, Suzuki, & Hayashi, 1998) , which is repressed by an Ets family transcriptional repressor Capicua (Cic). Activated ERK translocates to the nucleus and de-represses nuclear Cic by the phosphorylation-dependent inhibition and subsequent degradation of Cic (Lim et al., 2013) . However, the key step for converting the graded Dorsal nuclear concentration into the threshold response of ERK target genes remains to be identified. To identify the step at which the threshold response arises, a quantitative analysis of the cytoplasmic and nuclear signals is necessary.
To this end, we here developed a live-imaging method that can separately quantify the cytoplasmic and nuclear ERK activity. Using an automated program for cell segmentation and image quantification, we quantified the activities of FRET probes localized to the cytoplasm and nucleus. Kinetic analyses of these probes then showed the spatio-temporal dynamics of the ERK activation gradient in each compartment: While the cytoplasmic ERK activity increased monotonously over time to form a steady gradient, the nuclear ERK activity showed a sharp transition in a biphasic manner. These findings suggest that the nuclear translocation of activated ERK is a potential key step in the conversion of ERK signaling from the graded cytoplasmic activity to the threshold response in the nucleus. To perform the cell-by-cell analysis of FRET images, accurate segmentation of the subcellular compartments is necessary. To this end, an ERK FRET biosensor targeted to the cytoplasm (Figure 1a ; Supporting Information Video S1, upper) was expressed together with membrane-bound RFP (Figure 1b ; Supporting Information Video S1, upper). Using the membrane RFP signal, the FRET images were quantified for each cell using a segmentation program, which is described in detail below. For the nuclear signal, an ERK FRET biosensor targeted to the nucleus (Figure 1c ; Supporting Information Video S1, lower) was sufficient to segment the nucleus (Figure 1d ). We imaged the embryos at relatively low resolution (0.268 µm/pixel) to minimize photo-bleaching during the sequential time-lapse recording (CFP/FRET and RFP). To obtain information from the relatively low-resolution images, we developed a new image-processing program for segmenting the cell membrane and nucleus. This program is coded in MATLAB to enable various subsequent quantitative FRET analyses to be carried out in the same platform.
Several segmentation software tools are available, especially for the cell membrane (Aigouy, Umetsu, & Eaton, 2016; Khan, Wang, Wieschaus, & Kaschube, 2014; Mosaliganti, Noche, Xiong, Swinburne, & Megason, 2012) . Although these programs are useful for processing various cell membrane images, a more robust segmentation tool was required for our FRET image analysis. Here, we designed a membrane and nuclear segmentation system. The main challenge for cell membrane segmentation is to extract the shape of the cell membrane and its changes in the z-stack or t-stack. The segmentation method we developed is based on the assumptions Genes to Cells OGURA et Al. that the membrane edges change gradually over the serial z-/t-stack confocal images. False membrane segmentation was corrected using manual correction tools. Thus, the cell segmentation procedure consisted of automatic segmentation of the cell membrane or nucleus followed by optional manual correction to edit any false segmentation regions in the generated images.
| Cell membrane segmentation in the initial frame
To extract the cell membrane outline, a z-stack of 3D tissue volume or t-stack of 2 + 1D (in space, time) is fed into the system (Figure 2) . To achieve precise segmentation of the initial frame (Figure 2a) , a sequence of image-processing techniques is applied in an automatic manner as illustrated in Figure 2b . The gray image of the initial frame is inverted, followed by a binarization operation (Figure 2b (1)) using the Otsu method (Otsu, 1979) . This method uses the histogram information found in the grayscale image to determine a single threshold value (global thresholding) in order to create a bilevel image (also known as a binary image). Pixels with intensity values falling below the threshold value were zeros (background), whereas pixels with intensity values above the threshold value were ones (foreground). However, in many cases, the intensity contrast is not uniform over different regions in the grayscale image, so we used the Otsu method in a blockwise processing step to determine the local threshold value within each block for binarization (default block size = 100 × 100 pixels). A distance transform was then applied to the resulting binary image (Figure 2b (2)), by which the distance from every pixel on the foreground to the closest pixel at the background was computed to generate a distance map image. Contiguous objects were identified as a single object unless the distance between them varied monotonically around a dip (basin) in the distance map image. Watershed transformation was usually applied directly to the distance map image to create a barrier between basins separating contiguous objects. However, this strategy resulted in over-segmentation, so we applied a series of operations to improve the detection of cell edges. First, we used an extendedminima transform to filter the distance transform map ( Figure  2b(3) ). The extended minima were adjusted to detect the bottoms of major basins and represented as connected components of pixels with a constant intensity (spots in the center of objects known as regional minima). Second, the resulting image from this step was used as a mask over the distance map image to which we applied the impose minima ( Figure 2b(4) ). This step generated an image that had regional minima wherever there were nonzero pixels, and the watershed transformation was applied to this image ( Figure 2b (5-6)). Finally, to obtain smoothed membrane edges, a dilation (thickening) morphological operation using a 3 × 3 rectangular structural element was applied to the inverted watershed lines, and this thickened the membrane edges (Figure 2b(7) ). Dilation could be followed by erosion (shrinking) operation. This operation, which is known as morphological-closing, is used to join narrow breaks, fill long thin gulfs and fill holes of objects found in the binary image. However, to maintain the membrane edges we shrank them by applying the thinning and spur removal morphological operations, as shown in Figure 2b (8).This process generated a smoothed representation of the membrane edges ( Figure 2c ).
| Graphical user interface (GUI) for manual correction of the segmentation
Image segmentation was achieved in a fully automated fashion ( Figure 2c) ; however, the quality of the segmentation depended on the quality of the raw input image. When false segmentation occurred at a region of the cell membrane, it was necessary to correct it (compare Figure 2c,d) . Such corrections could be carried out using a graphical user interface (GUI) that enables erasing and drawing in any region of the segmented membrane while keeping the overlying raw image visible (Supporting Information Video S2).
| Cell membrane segmentation of subsequent frames
The advantage of our current method was that the raw images of the subsequent frames (n = 2, 3, ...-th frame) could be serially processed using the information of the precisely segmented first frame. Specifically, we limited the region of the membrane candidate pixels to those pixels underlying the previously segmented membrane of the nth raw image by the segmentation of the (n−1)-th image (Figure 2e ). The strategy of segmenting consecutive frames takes advantage of the fact that the sectional cell membrane outline only gradually changes in the consecutive stack, so segmentation can be carried out with less manual correction. Thus, for sets of serial z-stack images that were captured over time intervals, it is advisable to apply the correction for each z-stack separately, as these images show high similarity considering their membrane gradual change (the GUI allows users to set the start and end of processing frames).
F I G U R E 2
Procedure for automatic membrane segmentation. The raw image of the cell membrane at the initial frame (a) was subjected to the serial filters (b), consisting of Otsu segmentation (1) was applied at 100 × 100 blockwise processing, distance transform (2), extended-minima transformation (3), morphological impose minima (4), watershed transformation (5), watershed separation lines (6) and smoothening of the membrane using dilation with 3 × 3 rectangle structural element followed by erosion, thinning and spur removal morphological filtering (7-8). (c) Insets show correct and false segmentation of the cell membrane. (d) The corrected membrane edge using our manual correction GUI is a 1-pixel thickness, as shown in d′. Candidate membrane pixels in the following nth (n = 2,3,...) frame shown in e′ are located within a 3 × 3 pixel block underneath to the segmented membrane of d′. (e″) An example for multithresholding applied to rank candidate pixels in e′ into three clusters that indicate pixels intensity levels to very-high, high, and low shown in red, yellow, cyan, respectively. (f) Automatic membrane segmentation of the nth (n = 2, 3, ...) frame using the serial filters, starting with step (1′) in which pixels in the very-high (red) clusters were considered significant and used to reconstruct the entire cell membrane from the image shown in (e). (g) An example of the seeding procedure associated with membrane dilation in step (7). (h) Segmented cell membrane outline of the nth (n = 2, 3, ...) frame. (i) An example showing the same membrane edge segment inside the yellow square shifted for 4-pixels between two subsequent frames Z1 and Z2. (I_memb) is a segmented membrane ROI, and (I_seed) is a 2 × 2 seed located at the center of mass of each object in the inverted (I_memb). (I_dil) is 3 × 3 dilation of (I_mem), and (I_out) is the maintained dilated membrane 
11-pixels
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We designed a set of filters (Figure 2f ) suitable for subsequent frames. Here (Figure 2f(1′) ), each pixel of the segmented membrane of the initial frame (Figure 2d ,d′) is used to identify candidate membrane pixels at the same position in the subsequent frame (Figure 2e ,e′) within a specific block (default range = 3 × 3) using the Otsu multithresholding method (Otsu, 1979) . This clusters all membrane candidate pixels into groups (default three groups) based on an intensity histogram of the block. Figure 2e″ shows the three clusters of the candidate pixels in Figure  2e′ , which indicate pixel intensity levels as very-high (red), high (yellow) and low (cyan).
Small (2 × 2) seeds were used to prevent small cells from being erased, which could occur due to dilation (Figure 2g ). Only very strong candidate pixels (red) were extracted from the raw images to form a binary image (Figure 2f(1′) ), which was then inverted. In the subsequent processing (Figure 2f(2-8) ), we used the same procedures as in Figure 2b (2-8). The segmented membrane was then overlaid with its raw image to evaluate the quality of segmentation (Figure 2h ). False segmentation occurring in subsequent frames after the initial frame could be corrected using the GUI described above and was similarly used to identify candidate membrane pixels in the subsequent frame. Note that the selection of the block size in this step is crucial for a successful membrane segmentation of the entire stack. The same membrane edge segment in two subsequent frames must be within the block size range in both images, as shown in Figure 2i . Z-1 and Z-2 are two subsequent frames and the same membrane edge segment was shifted by 4 pixels. For this reason, a 3 × 3 block does not cover the same membrane segment in both images, whereas a 5 × 5 block is an ideal block size for this condition. If the block size were set to 1 × 1, then only a single candidate membrane pixel will be selected in the underneath subsequent frame, and as a result, the segmented membrane of the subsequent frame will be the same as the segmented membrane of the earlier frame.
| Cell nuclei segmentation
A frame-by-frame nucleus segmentation strategy (Supporting Information Figure S3 ) was developed independently from the membrane segmentation, assuming that in some cases, membrane image datasets were not available. The raw images of nuclei were segmented using an adaptive segmentation method that specified the local mean in the neighborhood of each pixel for binarization (Bradley & Roth, 2011) . The resulting segmented image might contain small object artifacts (default <10 pixels), which were removed from the image using morphological filtering. The contour of nuclear binary objects was smoothed by applying an opening morphological operation using a disk-shaped structural element of radius 2. The morphological opening is erosion (shrinking) followed by dilation (thickening) used broadly to smooth contours. Next, we removed nuclei that touched any of the four borders of the image, because they were partially segmented, and we filled in inner hole artifacts. Such holes may occur inside the segmented binary object when a small low-intensity region is surrounded by a large high-intensity region in the targeted gray raw image.
In this processing, some nuclei located close to each other might touch each other in the segmented images. To separate them, we applied the same watershed-based strategy that we applied above for membrane segmentation, including the distance transform, extended-minima transform, imposed minima and watershed (Supporting Information Figure  S3 ). However, this segmentation strategy may fail to separate or detect nuclei in a few cases as shown in Supporting Information Figures S3d′,d″. Thus, further nuclei correction of the segmented image can be achieved manually using a user-friendly nuclei correction software tool (Supporting Information Video S3).
| Cytoplasmic ERK activity forms a steady gradient that increases monotonously over time
Using the membrane segmentation technique detailed above, we quantified the cytoplasmic ERK activity for every detected cell during the 45-min period before the beginning of gastrulation (Figure 3a and Supporting Information Figure S1a ; Video S4). This procedure was basically the same one that we used to analyze ERK activation in the tracheal placode of the Drosophila embryo in our previous study (Ogura et al., 2018) . By plotting the cytoplasmic FRET/CFP ratio quantified for each cell as a function of the cells' relative position along the D-V axis, we showed the kinetics of cytoplasmic ERK activity gradient formation in the neuroectoderm of a single Drosophila embryo ( Figure  3b and Supporting Information Figure S1b ). The cytoplasmic ERK activity profile showed a steady gradient from the ventral midline to the dorsal side, with a monotonic increase in amplitude at every position along the D-V axis over time. These results suggested that the rate of cytoplasmic ERK activation increases in proportion to the increase in expression of the activator of EGFR signaling (rho), the gradient of which is translated from the smooth gradient of nuclear Dorsal (Ip et al., 1992) . In addition, the observed time course of the cytoplasmic ERK activation was similar to the reconstructed kinetics of total ERK activity obtained from multiple fixed embryos reported previously (Lim et al., 2015) ; we also confirmed that the peak of ERK activity around the midline increased monotonically ( Figure  3b and Supporting Information Figure S1b) . Moreover,
|
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comparing the ERK activation kinetics along the anteriorposterior (A-P) axis, we additionally found that the onset of ERK activation occurred earlier in the anterior side of the neuroectoderm than in the posterior side (Figure 3a and Supporting Information Figure S1a ). This finding may reflect the earlier exit from mitosis that occurs in the anterior side of the embryo (Foe, 1989) .
| Nuclear ERK activity shows a sharp transition in the formation of ERK activity gradient in a biphasic manner
We next quantified the time course of the nuclear ERK activity gradient (Figure 4 and Supporting Information Figure S2 ) in a similar way to that of the cytoplasmic ERK activity. The quantification of the gradients of nuclear ERK activity in the four equally spaced A-P regions showed a biphasic change in the activity profile. In the first half of the 45-min period (up to 25 min, light green line), the nuclear ERK activity in the ventral side (0-20 µm) gradually increased, whereas the ERK activity in the dorsal side (−10 to 0 µm) was relatively unchanged (Figure 4b , most clearly seen in the 2/4 and 3/4 regions). After 30 min (orange line), the ERK activity in the dorsal region increased. The dorsal-most region (−20 to −10 µm) showed a relatively high FRET/CFP ratio even at 0 min. Since no significant diphosphorylated ERK (dpERK) activity is detected in this region (Gabay, Seger, & Shilo, 1997a) , we considered this finding to be an artifact because of the low overall fluorescence in the embryonic margin and removed this region from consideration.
The biphasic change in nuclear ERK activity occurring after 30 min indicated that the time course of ERK activation in the ventral-most region is different from that of the other regions. To confirm this possibility, we separately quantified the time course of ERK activity in the four equally spaced D-V regions (Figure 5a,b) . For the cytoplasmic ERK activity, the rate at which ERK was activated in the different D-V regions was progressively slower in the more dorsal regions throughout the 45-min period (Figure 5a and Supporting Information Figure S1c ). In contrast, the nuclear ERK activity in the ventral-most region (1/4) increased more rapidly than in the 2/4, 3/4 and 4/4 regions, in the first 30 min (Figure 5b and Supporting Information Figure S2c ). This result suggests that the nuclear ERK activation kinetics in the ventral-most region is distinguishable from that of other regions. Overall, these quantitative analyses revealed distinct kinetics of the ERK activity gradient formation: while the cytoplasmic ERK activity monotonously formed a steady gradient, and the nuclear ERK activity showed a sharp transition in the formation of ERK activity gradient in a biphasic manner (Figure 5c ).
| DISCUSSION
The subcellular localization of active ERK is a key piece of information for understanding the kinetics of ERK activation Genes to Cells OGURA et Al. (Ebisuya, Kondoh, & Nishida, 2005) . In this study, we newly developed a computational pipeline for quantitatively analyzing the kinetics of ERK activity in two subcellular compartments, the cytoplasm and nucleus. Since this method has wide applicability to any cytoplasmic-or nuclear-targeted ERK FRET biosensor, the program we developed here will be a useful resource for quantitatively analyzing the kinetics of a variety of signaling pathways.
By combining the above-mentioned system for cell segmentation with ERK FRET biosensors targeting the cytoplasmic or nuclear compartment, we successfully quantified the kinetics of ERK activity in these separate compartments. The kinetics of the cytoplasmic ERK activation obtained from our live-imaging data showed a gradual time course, similar to the kinetics reconstructed from a large number of fixed embryos stained with an antibody against dpERK (Lim et al., 2013 (Lim et al., ,2015 . Importantly, we found that the spatio-temporal activation of nuclear ERK defined a sharp boundary in the ventral neuroectoderm, demonstrating that the activation kinetics of nuclear ERK differs from that of the cytoplasm. This conclusion was based on two sets of data: the acute up-regulation of nuclear ERK activity around the ventral midline (Figure 4b ) and the distinct time course of the nuclear ERK activity at the ventral-most region compared to that in the more dorsal regions ( Figure  5b ). These findings imply that a mechanism specific for the nuclear ERK activity helps to shape the ERK activity gradient into a threshold response.
Previous studies in mammalian cells have shown specific feedback mechanisms that modulate nuclear ERK activity. These mechanisms include the facilitation of nuclear import and export of ERK by EGF signals (Ando, Mizuno, & Miyawaki, 2004) and the conversion of graded ERK activity in response to different levels of RTK stimulus into a threshold response of nuclear ERK through facilitated nuclear translocation (Shindo et al., 2016) . The latter study demonstrated that the facilitated nuclear translocation achieves the nuclear accumulation of ERK within 8 min of RTK stimulation at the threshold concentration of ~0.05 mg/ml EGF. This mechanism explains how a boundary of nuclear ERK activation forms that is defined by the position of EGFR ligand reaching a threshold concentration. Thus, the 30-min period required for nuclear ERK FRET to show the boundary might be understood as the time required for the active EGFR ligand Spitz accumulation to reach the threshold level and for activated ERK to phosphorylate the nuclear ERK FRET reporter.
Our present study implies that the threshold response of developmental gene expression by ERK might not be explained by a transcriptional mechanism alone, as in the case of Bicoid (Porcher & Dostatni, 2010) . In this respect, various regulatory mechanisms for the nuclear ERK activity, including the prerequisite diphosphorylation of ERK for its nuclear translocation (Plotnikov, Zehorai, Procaccia, & Seger, 2011) , the cytoplasmic anchoring of ERK by MEK (Fukuda, Gotoh, & Nishida, 1997) and the active mechanism for the nuclear translocation of activated ERK (James, Bunch, Krishnamoorthy, Perkins, & Brower, 2007; Lorenzen et al., 2001) , should also be considered to understand the expression of ERK target genes. The quantitative subcellular FRET analysis presented here, and its combination with genetic or pharmacological experiments, will be helpful for elucidating these mechanisms.
| EXPERIMENTAL PROCEDURES
| Fly strains
A fly strain expressing the nucleus-targeted ERK FRET probe EKAREV-NLS (Komatsu et al., 2011) under the control of the ubiquitin promoter was generated in the same manner as the strain expressing the cytoplasm-targeted probe EKAREV-NES described previously (Ogura, Wen, Sami, Shibata, & Hayashi, 2018) using the integrase-expressing strain, vasa-φC31, ZH-attP-58A (Bischof, Maeda, Hediger, Karch, & Basler, 2007) to obtain an insertion at the second chromosome with the genotype pubi-ekarev-nls58A. The strain named pubi-TagRFP-T-CAAX 22A , pubi-ekarev-nes 58A (Ogura et al., 2018) , was used to image the cytoplasmic ERK and cell membrane.
| Image acquisition
Fluorescence confocal images were acquired using an Olympus FV1000 inverted confocal microscope in a room maintained at 25°C. A 440-nm laser was used to excite CFP, and a 559-nm laser was used for RFP, which labeled the membrane. The images of CFP/FRET and RFP were sequentially acquired every 5 min. These settings were the same as in our previous report (Ogura et al., 2018) .
| Image analysis
A customized ImageJ (https://imagej.nih.gov/ij/) plugin for quantifying the FRET/CFP ratio in the intensity-modulated display was written in Java and is available from the GitHub link at https://github.com/Wada-H/FRETratioFx. The smoothened profile of the FRET/CFP ratio ( Figure 3b, Figure 4b ) was obtained by calculating the moving mean ± standard deviation (SD) of the cell-averaged FRET/CFP ratio with a window size of 20 data points.
| Image quantification
All image quantifications were performed in MATLAB 2017a (MathWorks) using the cell membrane outline prepared in MATLAB by the procedure described in the main text and Figure 2 and Supporting Information Figure S3 . A standalone copy of this software (FRET-Counter) can be found at http://signaling.riken.jp/en/en-tools/. The source code for the 
